Abstract The world's largest aquifers are a fundamental source of freshwater used for agricultural irrigation and to meet human water needs. Therefore, their stored volume of groundwater is linked with water security, which becomes more relevant during periods of drought. This work focuses on understanding large-scale groundwater changes, where we introduce an approach to evaluate groundwater sustainability at a global scale. We employ a groundwater drought index to assess performance metrics (reliability, resilience, vulnerability, and a combined sustainability index) for the largest and most productive global aquifers. Spatiotemporal changes in total water storage are derived from remote sensing observations of gravity anomalies, from which the groundwater drought index is inferred. The results reveal a complex relationship between the indicators, while considering monthly variability in groundwater storage. Combining the drought and sustainability indexes, as presented in this work, constitutes a measure for quantifying groundwater sustainability. This framework integrates changes in groundwater resources due to human influences and climate changes, thus opening a path to assess progress toward sustainable use and water security.
Introduction
Alarming observations in the recent decline of groundwater storage (Döll et al., 2014; Richey, Thomas, Lo, Reager, et al., 2015) coincide with an estimated 70% of freshwater withdrawals being used for irrigated agriculture (Rosegrant et al., 2009) . Reliance on groundwater to fulfill agriculture water demands can be regarded as a consequential need for food security (Carruthers et al., 1997) , thus linking water scarcity as a future constraint to food production (UN, 2007) . Groundwater depletion strategies are recognized as a challenge to mitigate water scarcity (Rosegrant & Cline, 2003) , yet uncertainty regarding the influence of climate change and groundwater use remain. During drought, agricultural water demands are often fulfilled by resilient groundwater storage (Castle et al., 2014; Famiglietti, 2014; Famiglietti et al., 2011) , potentially altering aquifer resilience (Rodell et al., 2009 ; University of California Center for Hydrologic Modeling, 2014) and hydraulic properties including aquifer compaction (Smith et al., 2017) . It remains unclear, however, how large-scale groundwater sustainability may be assessed to capture complex groundwater relationships.
Remote sensing has been established as a powerful tool to observe water storage dynamics at large scales (Chen et al., 2016; Long et al., 2017; Richey, Thomas, Lo, Reager, et al., 2015; Rodell & Famiglietti, 1999; Schmidt et al., 2006; Wahr et al., 2006) with the launch of the Gravity Recovery and Climate Experiment (GRACE) satellites. Previous applications of GRACE have isolated groundwater storage changes (Castle et al., 2014; Famiglietti et al., 2011; Nanteza et al., 2016; Rodell et al., 2009; Scanlon, Faunt, et al., 2012 to improve our understanding of regional groundwater storage changes. To date, global groundwater assessments have evaluated trends of groundwater storage (Richey, Thomas, Lo, Reager, et al., 2015) or have combined hydrologic model output with observations to identify the influence of groundwater abstractions to groundwater trends (Döll et al., 2014) . Here we apply the normalized GRACE-groundwater drought index (GGDI) to quantify a sustainability index as a function of performance indicators for the largest global aquifers (Margat and Van der Gun, 2013) to recognize the consequence of temporal aquifer storage changes. Despite the temporal (Gleeson, Alley, et al., 2012) and spatial coverage requirements for sustainability assessments that analyses derived through GRACE cannot satisfy (Alley & Konikow, 2015) , the approach introduced here seeks to further our understanding of large-scale aquifer behaviors as a response of human-and climate-driven influences.
Various sustainability metrics have been applied to both groundwater and surface water systems to identify critical water security regions (Gain et al., 2016; Vrba & Zaporozec, 1994; Wada et al., 2010; White, 2013) . The application of performance indicators such as reliability, resilience, and vulnerability is common in hydrology (Ajami et al., 2008; Asefa et al., 2014; Kjeldsen & Rosbjerg, 2004; Sandoval-Solis et al., 2010) to characterize stochastic performance of water resources systems. Performance indicators quantify system measures based on subjective a priori determined criteria (i.e., can a reservoir storage meet water demand?). Despite these limitations, the application of performance indicators remains attractive since they may incorporate various criteria (Loucks, 1997) as compared to evaluating a single criterion.
Although performance indicators have long been used to evaluate surface water systems, their application to groundwater has been limited Mays, 2013; Peters et al., 2005; Van Camp et al., 2010; Vrba et al., 2007) . Applying performance indicators to large-scale aquifers (Margat & Van der Gun, 2013) allows for holistic assessments of groundwater sustainability. Our approach highlights complex relationships of groundwater sustainability where competing factors may influence one indicator (e.g., reliability) and not influence a second indicator (e.g., vulnerability). The results indicate a complex relationship between performance indicators, highlighting that this methodology yield different conclusions than previous storage-based analyses.
Methods
The assessment of groundwater sustainability is conducted for the largest aquifers in the Worldwide Hydrogeological Mapping and Assessment Program (WHYMAP, (Margat & Van der Gun, 2013) ), known widely as the "Large Aquifer Systems of the World." These aquifers comprise the world's most productive groundwater systems that contain significant global resources (Margat, 2007; to fulfill irrigation and drinking water demands. These aquifers are of interest as each fulfills spatial resolution requirements for GRACE observations (i.e., greater than 150,000 km 2 (Rodell & Famiglietti, 1999) ).
GRACE Observations
Remote sensing observations from the GRACE satellites are used to quantify changes in groundwater storage in the study aquifers. GRACE observes monthly gravity anomalies which can be converted to monthly changes in terrestrial water storage (Rodell & Famiglietti, 1999) . Monthly GRACE gravity coefficients (Tapley et al., 2004 ) from the JPL-RL05.01M Mascon solution (Watkins et al., 2015; Wiese, 2015) over the period of April 2002 through July 2016 were used for this study. Average water storage changes for all aquifers were computed as anomalies of water storage relative to the baseline time period of January 2004 to December 2009. Groundwater storage changes are estimated using a mass balance approach whereby auxiliary data sets permit isolation of a groundwater storage signal from total water storage changes (Rodell & Famiglietti, 2002) . We assume that the total water storage anomaly (TWSA) is composed of anomaly changes in soil moisture (SMA), snow water equivalent (SWEA), surface water/reservoir storage (SWA), and groundwater (GWA) (equation (1)).
Groundwater storage anomalies were estimated by rearranging equation (1), while errors for the GWA time series were estimated by propagating TWSA, SMA, SWA, and SWEA error (Rodell & Famiglietti, 2002) . We used monthly output from four models within the NASA Global Land Data Assimilation System (GLDAS, (Rodell et al., 2004) ), including Noah (Chen et al., 1996; Koren et al., 1999) , VIC (Liang et al., 1996) , CLM2.0 (Dai et al., 2003) , and Mosaic (Koster & Suarez, 1992) , to remove hydrologic components from TWSA using equation (1) (Rodell & Famiglietti, 2002 ) (see supporting information). Great uncertainty in isolating groundwater storage from TWSA has been documented (Döll et al., 2012; Güntner et al., 2007; Swenson & Lawrence, 2015) . In our evaluation, combinations of mass balance components from GLDAS models were tested to account for SMA (at depths of both 0-1 m and 0-2 m), SWA, and SWEA in equation (1). Given the models used and variables of interest, a total of 128 realizations of GWA were calculated (see supporting information), to account for uncertainty in isolating GWA.
GRACE Groundwater Drought Index
Thomas et al. (2017) introduced the GRACE groundwater drought index (GGDI), a normalized groundwater storage-based indicator to evaluate groundwater drought for large-scale aquifer systems. The novelty of
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GGDI is represented by incorporation of groundwater storage, both as a surplus or deficit , to permit an evaluation of groundwater drought. GGDI was derived from GWA for all realizations.
In brief, after isolating GWA, we estimate GGDI by first calculating a monthly climatology (C i , the climatology for month i, Thomas et al., 2014) , as in equation (2).
In equation (2), GWA i represents the GRACE-derived groundwater storage anomaly for month i and n represents the number of GWA estimates for month i. The monthly climatology removes the influence of seasonality in groundwater storage changes (Jasechko et al., 2014) . The computed monthly climatology is removed from GWA to obtain a groundwater storage deviation (GSD), which represents the net deviation in the volume of groundwater storage based on seasonality. Finally, we normalize the GSD by removing the mean (x GSD ), which is essentially zero as GWA represents an anomaly, and dividing by the standard deviation (s GSD ) as in equation (3).
Thus, GGDI represents the normalized net deviation in groundwater storage in all study aquifers.
Performance Indicators
Performance indicators including reliability, resilience, and vulnerability are applied to each of the WHYMAP aquifers. These performance indicators are typically applied using weighted, multiobjective approaches to characterize stochastic performance metrics of water resources systems. As applied here, we assume only a single planning period represented by an average of GGDI from all realizations. Further, performance metrics are classically applied given a relation between demand and storage (Hashimoto et al., 1982; Loucks et al., 1981) . For this analysis, we apply a weighted statistical indices scheme (Loucks, 1997; Mays, 2013) to GGDI. Although the selection of satisfactory and unsatisfactory conditions is subjective, we assign the threshold as a function of the normalized GGDI: a positive GGDI is satisfactory and a negative GGDI is unsatisfactory. We adhere to a 3 month condition as proposed by Thomas et al. (2017) in the application of GGDI by conducting the performance metric analysis on 3 month smoothed averages of GGDI. Lastly, it is important to note that although GGDI is normalized, the distribution of positive and negative values is not equal as GGDI is representative of storage change anomalies over the study period. 2.3.1. Reliability Following Loucks (1997) and Mays (2013) , we quantify reliability as
where reliability is defined by how often a system fails (Hashimoto et al., 1982) . When applied to large-scale aquifers, reliability represents the historical likelihood that the aquifer storage falls below a normal condition (Thomas et al., 2017 
Resiliency indicates how quickly a system returns to a satisfactory condition after an unsatisfactory condition (Hashimoto et al., 1982) . A recovery is scored if GGDI shifts from negative to positive. As applied to large-scale aquifers, resilience represents the likelihood of a return from unsatisfactory to satisfactory conditions.
Vulnerability
We define vulnerability as a probabilistic measure that accounts for the extent and magnitude of failure (Hashimoto et al., 1982) , where failure is synonymous with unsatisfactory. Given this definition, we must
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This approach magnifies the influence of extreme drought conditions observed during the study period, conditions documented to greatly influence water security (Famiglietti & Rodell, 2013) .
Results
GGDI
A comparison of GGDI estimates (Figures S1b-S37b) illustrates less variability among the 128 realizations, computed from various combinations of GLDAS model output, as compared to estimates of GWA ( Figures S1a-S37a ). For instance, the lowest normalized root-mean-square error (nRMSE) between the mean time series for GGDI was 0.38 (Atlantic and Gulf Coastal Plains Aquifer (18)), while the minimum nRMSE for GWA was À1.22 (Atlantic and Gulf Coastal Plains Aquifer (18)).
The influence of normalizing GWA to derive GGDI negates the influence of inconsistent sources of auxiliary data to isolate a representative groundwater signal . Additionally, as shown in previous GRACE studies, uncertainties in the isolated GWA signal are influenced by multiple factors, including land surface model deficiencies (Rodell et al., 2009; Rodell & Famiglietti, 2001) , spatial resolution, and filtering errors (Longuevergne et al., 2013; Nanteza et al., 2016) . Furthermore, isolation of drought indicators has been shown to be influenced by deep soil moisture and groundwater (Houborg et al., 2012; Rodell & Famiglietti, 2001; Swenson & Lawrence, 2015) , since deep soil moisture introduces persistence into model simulations (Sheffield & Wood, 2007) . 
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Performance Indicators
The magnitude of the performance indicators is a function of the selection of satisfactory and unsatisfactory conditions (see supporting information). We have normalized the results of performance indicators and of the sustainability index from 0 to 1, based on the maximum and minimum values for each indicator to permit aquifer comparisons. Numerical aquifer keys, as summarized in Table S1 and in figures, are listed after each described aquifer.
Resilience
Results of our quantification of resilience are illustrated in Figure 1a . It is apparent that aquifers in arid regions, that is, the Northwestern Sahara Aquifer System (2) and the Arabian Aquifer System (22), exhibit low resilience. These two aquifers are considered nonrenewable (Margat & Van der Gun, 2013) and have been characterized as overstressed (Gleeson, Wada, et al., 2012; Richey, Thomas, Lo, Reager, et al., 2015) . Aquifers that exhibit higher resilience are found in high precipitation regions and northern latitudes (West Siberian Basin (25), Russian Platform Basins (33), and Congo Basin (10)). These aquifers may be considered resilient as a result of many factors, including relations between recharge and precipitation, whereby exposed bedrock aquifers may be recharged rapidly after dry periods. Many of the highly resilient aquifers were characterized as variable stressed (e.g., the Congo Basin (10), the Russian Platform Basins (33), and the Paris Basin (32)) or overstressed (e.g., the Nubian Aquifer System (1), the Murzuk-Djado Basin (3), and the Ogaden-Juba Basin (9)) by Richey, Thomas, Lo, Reager, et al. (2015) . The Central Valley aquifer (16) exhibited medium resilience (RES = 0.32) due to inefficient drought recovery in the 2011 drought period, as compared to the 2007 drought period (Figure 1b) , as identified by Thomas et al. (2017) . A lower resilience score for the Central Valley is aggravated due to extensive groundwater withdrawals and rapid groundwater depletion known to occur during periods of drought ( 
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Reliability
Aquifers exhibiting high reliability (Figure 2a ) often feature large storage . For example, the Arabian Aquifer System (22) is the world's largest and correspondingly is one of the most reliable aquifers. The Nubian Aquifer System (1) also exhibited high reliability as a result of its large storage, despite little modern-day recharge. The Central Valley Aquifer (16) exhibited high reliability, and though this result seems counterintuitive given historic overdraft of the aquifer (Famiglietti et al., 2011; Faunt, 2009) , it is important to recognize that GGDI is a function of GRACE storage changes and is impacted by drought (Thomas et al., 2017) .
In a comparison to groundwater stress characterization, reliable aquifers tend to be characterized as overstressed aquifers (e.g., the Arabian Aquifer System (22), the Nubian Aquifer System (1), the Northwestern Sahara Aquifer System (2), and the Murzuk-Djado Basin (3) (Gleeson, Wada, et al., 2012; Richey, Thomas, Lo, Reager, et al., 2015) ), while less reliable aquifers tend to be characterized as variably stressed or unstressed.
Reliable aquifers exhibit such behaviors as a result of gradual decreases in groundwater storage which will effectively increase GGDI early in the time series (Figure 2b ). Variably stressed aquifers may be impacted by declines in water quality due to increased induced recharge (Theis, 1940; Richey, Thomas, Lo, Reager, et al., 2015) thus underscoring concern regarding future water quality.
Vulnerability
As depicted in Figure 3a , the least vulnerable aquifers are found throughout equatorial Africa and the northern latitudes of Europe and Asia. These aquifers are generally characterized as overstressed and variably stressed (Gleeson, Wada, et al., 2012; Richey, Thomas, Lo, Reager, et al., 2015) , indicating that aquifer vulnerability is largely influenced by groundwater recharge. Nonrenewable aquifers including the Northwestern Sahara Aquifer System (2) and Arabian Aquifer system (22) also exhibited high vulnerability, further indicating a close relationship between aquifer vulnerability and groundwater recharge potential. The Northern Great Plains aquifer (14) and the Upper Kalahari-Culvelai-Upper Zambezi Basin (11), which share similar behavior in GGDI, exhibited the most vulnerability, a factor of prolonged droughts over the respective regions combined with rapid increases in subsurface storage (Hoerling et al., 2014; Thomas et al., 2014) , which impacts the distribution of positive and negative values in GGDI (Figure 3b ). Results depicted in Figure 3a deviate from reported groundwater stress regimes. The difference is attributed to our vulnerability calculation from a 3 month moving average, while renewable groundwater stress was based on GWA trends or simulated groundwater recharge (Gleeson, Wada, et al., 2012; Richey, Thomas, Lo, Reager, et al., 2015) .
Sustainability Index
We calculate a sustainability index, which is a function of resilience, reliability, and vulnerability, as given by equation (7) (Loucks, 1997) .
The fact this index is multiplicative rather than additive contributes weight to the indicator having the lowest value. In the case that one of the indicators is zero, it is unlikely that any other indicator would be as relevant. This index could be further expanded to a relative index, by applying various weighting metrics, although such action increases subjective judgment (Loucks, 1997) . As depicted in Figure 4 , aquifers in the arid regions of the Saharan desert and Arabian Peninsula, in addition to aquifers in northern India, exhibit unsustainable groundwater characteristics. The Northwestern Sahara (2), Arabian (22), and Indus (23) aquifers were identified as overstressed (Gleeson, Wada, et al., 2012; Richey, Thomas, Lo, Reager, et al., 2015) , further illustrating the importance of groundwater sustainability interventions for these aquifer systems. The Great Artesian (36) and Canning Basin (37) aquifers in Australia exhibited unsustainable groundwater characteristics. In those aquifers, SI was reduced due to low resilience (Figure 1a) , a factor largely influenced by the prolonged drought that occurred over the region. The Central Valley aquifer (16) value of SI, 0.37, was impacted by low resilience. Similar to the Australian aquifers, the Central Valley was impacted by multiple drought periods (Thomas et al., 2017) . The High Plains aquifer (17) received a SI score of 0.23. It is well known that the High Plains system has been pumped unsustainably for decades (McGuire, 2009; Scanlon, Faunt, et al., 2012) . However, during the GRACE record, the High Plains aquifer has benefited from active management strategies. This is especially true for the northern High Plains Sahoo et al., 2016) , where groundwater storage is observed to increase. 10.1002 /2017GL076005 & Konikow, 2015 . Although our results ignore spatial variability in groundwater recharge and abstractions that are important to characterize sustainability , Figure 4 highlights large-scale sustainability observed by GRACE.
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Discussion
Previous global estimates of groundwater stress are hindered by inconsistent assumptions and differing estimates of use and availability (Döll, 2009; Gleeson, Wada, et al., 2012; L'vovich, 1979; Richey, Thomas, Lo, Reager, et al., 2015; Vörösmarty et al., 2000; Wada et al., 2010) , thus raising important concerns regarding the evaluation of groundwater sustainability. Although groundwater serves as the primary source for agriculture water (Rosegrant et al., 2009) , the importance of groundwater is rapidly increasing, given groundwater storage serves as a resilient supply as surface water becomes less reliable and unpredictable (Kundzewicz & Döll, 2009 ). Our results illustrate that capturing aquifer response may be extended beyond a single metric to holistically evaluate the relation of aquifer changes through various performance indicators. Results presented here integrate changes in groundwater resources as a function of human pressures and groundwater storage changes linked to climate and natural variability, as captured by GRACE, thus fulfilling challenges to assess development goals for achieving sustainability advanced by the United Nations (Connor, 2015) .
Performance indicators including resilience, reliability, and vulnerability were applied to a GRACE-based groundwater drought index, GGDI (Thomas et al., 2017) , for the "Large Aquifer Systems of the World" (Margat and Van der Gun, 2013) . Our results illustrate that, globally, aquifer dynamics characterized by GRACE trends or groundwater stress (Gleeson, Wada, et al., 2012; Richey, Thomas, Lo, Reager, et al., 2015) fail to capture diverse factors which contribute to groundwater storage changes (Figure 4 ). For example, the Great Artesian Basin in Australia was noted to be unstressed in previous studies (Gleeson, Wada, et al., 2012; Richey, Thomas, Lo, Reager, et al., 2015) . In our analysis, the aquifer exhibited low resilience and low reliability. We designated this aquifer as unsustainable as a result of the combination of aquifer metrics. The difference between our result and the previously identified unstressed conditions is that our sustainability analysis accounts for monthly variability. A comparison of performance indicators, SI, stress condition, and groundwater storage trends (Gleeson, Wada, et al., 2012; Richey, Thomas, Lo, Reager, et al., 2015) is summarized in Table S1 . Table S1 indicates the variability in aquifer changes that effect the value of performance indicators, and hence SI, that are not accounted for in anomaly trends or groundwater stress. Our results capture integrated assessments of aquifer dynamics, thus providing a framework for future evaluations of aquifer sustainability.
Conclusions
Previous groundwater sustainability studies highlight the need to quantify sustainability metrics (Pandey et al., 2011; Gleeson, Alley, et al., 2012) . To date, global groundwater assessments have applied stress indices (Richey, Thomas, Lo, Reager, et al., 2015) or have evaluated the influence of groundwater withdrawals in global groundwater storage (Döll et al., 2014; Gleeson, Wada, et al., 2012) . This study has shown that temporal changes in groundwater storage influence the complex interactions in global aquifer systems, thus resulting in an integrated assessment of groundwater sustainability. Our use of GRACE to identify changes in groundwater storage captures the influence of groundwater use, the aquifer response to withdrawals via capture and natural variability. The combination of GGDI and performance metrics is proposed as a means to quantify groundwater sustainability and could be used as a tool to evaluate changes in observed groundwater storage changes over time to monitor sustainability in these systems.
The results of the study highlight the complex interactions resulting in an integrated assessment of groundwater sustainability. Previous studies have documented alarming changes in groundwater storage (Famiglietti et al., 2011; Rodell et al., 2009) . Unlike those previous studies whose results are based on a single trend of groundwater storage changes, the analysis presented uses a 3-month average time series to characterize groundwater sustainability. Although GGDI provides a robust time series for the analysis used, it is important to recognize the limitations of the GRACE observations used to derive GGDI. For example, GRACE observes changes in one-dimensional groundwater storage, while important aquifer processes occur in three dimensions (Alley & Konikow, 2015) . Further, the influence of soil moisture in isolation of a representative GRACE-derived groundwater storage signal is ambiguous (Swenson & Lawrence, 2015) , despite further
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processing to obtain GGDI. It is also relevant to note that the concept of vulnerability used in this work differs from the common denotation in the literature that accounts for the degree of potential susceptibility of groundwater to a pollution source. A possible link with water quality shall be developed in further studies. Mays (2013) promoted multiobjective approaches to evaluate groundwater sustainability that include economic factors in addition to representations of aquifer changes. Although the analysis presented here does not account for variables other than groundwater storage, the results expand our understanding of large-scale groundwater processes by applying remotely sensed observations to document groundwater sustainability. Future research should seek to apply economic factors to the global analysis as presented here. More advanced approaches using multiobjective schemes may provide a broader understanding of performance indicators, although such approaches are likely restricted by the availability of groundwater data globally .
